In this paper we apply the Multi-Look Joint Sparsity Fusion algorithm to multisensor image data. Our algorithm at first performs sparse unmixing of the hyperspectral data and selects pixels for a second unmixing of the multispectral image. This is done by applying a joint sparsity model, which exploits similarities within neighbouring pixels. We test our resolution enhancement method using a hyperspectral and a multispectral image with a spatial resolution of 30 m and 3 m, respectively. To asses the results we evaluate the classification result of the resolution enhanced and original images.
INTRODUCTION
There are many spaceborne hyperspectral sensors planned to be released in the near future, such as the Environmental Mapping and Analysis Program (EnMAP), Hyperspectral Imager Suite (HISUI) and the Hyperspectral Infrared Imager (HyspIRI). All of them will be characterised by a large number of spectral narrow channels, i.e., by a high spectral resolution. This will boost classification and detection applications, while enabling on a global scale specific spectroscopy methods such as vegetation health analysis, chlorophyll and mineral content estimation or analysis of soil and water quality. However, the increase in the spectral resolution is paid by a decrease in the spatial resolution of the sensor. Therefore, all of the above mentioned sensors are designed with similar ground sampling distance (GSD) of 30m or higher, i.e., a relatively low spatial resolution. As a result many applications which require high spatial resolution will have limited usability with these systems. This problem is typically addressed by resolution enhancement methods, which aim at increasing the spatial resolution of a hyperspectral image (HSI) while preserving the valuable spectral information.
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The resolution enhancement of HSI is a currently intensively studied problem by many research groups. It is usually approached by fusion of the high spectral resolution HSI with an additional high spatial resolution MSI. It is a natural extension of the well known pan-sharpening, where the MSI is sharpened using an additional high resolution panchromatic image. Therefore, the early methods for HSI resolution enhancement were based on similar principles e.g. wavelets transform methods [1, 2] . Other methods designed specially for HSI includes such concepts as maximum a posteriori/stochastic mixing model [3] or unmixing based methods [4] [5] [6] .
In [7] we have proposed the multi-look joint sparsity fusion (MLJSF) as a new method for HSI resolution enhancement. Our method showed promising results and good performance when compared to state of the art algorithms using simulated data. In this paper we evaluate our algorithm using a spaceborne Hyperion image and derive a MSI from an airborne AISA dataset. We assess the quality of the enhanced image by comparing its classification map with one derived from the high resolution hyperspectral AISA dataset. This also shows a possible application of a typical dataset derived by the proposed method. The enhanced image is compared to results from the Coupled Nonnegative Matrix Factorisation (CNMF) algorithm.
MULTI-LOOK JOINT SPARSITY FUSION
In this section we briefly describe the algorithm presented in [7] . The algorithm aims at enhancing of the spatial resolution of the HSI and at the same time preserving of the fine spectral information by exploiting mixed pixels in the HSI. The resolution enhancement is done by fusion of the information from the low spatial resolution HSI and the high spatial resolution MSI.
Our algorithm at the first step performs pixel based unmixing of the hyperspectral using a given spectral library A h solving the following problem
where x h is an abundance vector, y h is the hyperspectral pixel, λ 1 is a parameter controling the 1 -norm of the abundance vector. This formulation, known as the nonnegative Least Absolute Shrinkage and Selection Operator (nLASSO) [8] , allows using a large spectral dictionary and at the same time provides a fast solution to the problem (see e.g. [9] ). As a next step, the dictionary A h is resampled to the multispectral sensor channels using the spectral response function R forming A m . Subsequently, the algorithm works in a sliding window where the endmembers detected in a hyperspectral pixel and the neighbourhood are passed to the second unmixing. The second unmixing is performed on the MSI using a pruned dictionary A C m . However, due to the much lower dimensionality of multispectral pixels y m the unmixing is performed using the Multilook Joint Sparsity Reconstruction (MLJSR). MLJSR unmixes data exploiting spatial similarities in neighbouring pixels (for more details refer to [9] or [7] ). As a result the high resolution abundance matrix is obtained. This is then used in the final step to reconstruct the high resolution hyperspectral image. For details see the Algorithm 1. 
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VALIDATION OF THE FUSION RESULTS
We have tested our algorithm using a set of coregistered real data. A space borne Hyperion HSI [10] [ Fig. 1 b) ] and an airborne AISA HSI [ Fig. 1 a) ]. After band selection the Hyperion image was of a size 80× 70 pixels and 152 spectral channels. The AISA image had 774×684 pixels and 100 spectral bands. Both datasets were geometrically as well as atmospherically corrected. The high resolution MSI has been simulated from the AISA image using the signal response function of the LANDSAT 7 sensor (like in [7] ). The resulting image had a 3m GSD and 6 spectral channels. The GSD of the HYPERION image was of 30m. Additionally, for the MLJSF algorithm a spectral dictionary containing 177 spectra was used. The dictionary was combined from 110 materials from the USGS spectral library and 67 measurements of the wheat fields. The MLJSF algorithm was run with λ 1 = 2.24 × 10 −4 and λ 2 = 1.6710 −5 . The CNMF algorithm has been run with 40 endmembers, and a setting like in [7] .
Unlike in data simulated from one HSI [3] [4] [5] [6] [7] 11] , an idealcase reference image is not available. Therefore, a direct comparison with a reference image is not possible. To assess the results of the resolution enhancement we performed a classification of all datasets and compared the results with the classification of the high resolution original AISA image. The evaluation set-up has been designed as follows. At first, the location of 12 classes was defined with one training sample for each class. Next, the training samples were collected for all datasets i.e. AISA, Hyperion, MLJSF result and CNMF result. Finally, a spectral angle mapper (SAM) classification was run for all datasets using these training samples. The resulting classification was compared to the classification of the AISA image. The classification results are shown in Fig. 2 . Both methods CNMF [ Fig. 2 d) ] as well as MLJSF [ Fig. 2 c) ] significantly improved the classification performance when compared to the classification performed on the original Hyperion image [2 b)]. The CNMF was able to improve the classification overall accuracy (OA) by 22.16% and MLJSF by 36.87% when compared to the Hyperion classification results. Also, the Cohen's Kappa (κ) has been improved from 0.36 for Hyperion to 0.59 for CNMF and to 0.76 for MLJSF (for more details see Table 1 ). Fig. 3 shows the selected spectra from original AISA image, Hyperion image and the reconstructed spectra from the same locations. The identification of different materials is easier in AISA as well as in MLJSF or CNMF. The MLJSF results in smoother spectra when compared to CNMF results or to the original Hyperion image, which is reasonable considering the use of the a priori given spectral dictionary.
To measure the quality of reconstruction relative to the AISA image, we resample the resulting images from CNMF and MLJSF to match the spectral channels of the AISA sensor. For comparison we use the structural similarity (SSIM) and the spectral angle (SA). The SSIM can be defined as
where a denotes a band of the reference image, b is a corresponding band of the reconstructed image, σ a , σ b and σ ab , μ a , μ b denote respectively the variance of a, variance of b, the covariance between a and b, mean value of a and mean value of b, c 1 and c 1 denote the variables stabilising the division. The SA is defined as
where, y is the spectrum of the jth original high resolution HSI pixel and y r is the jth reconstructed high resolution HSI pixel. The results of the comparison are shown in Table 1 . SSIM and SA are presented as the average values for whole image. Here again both measures were significantly improved when compared to the spaceborne HSI. Considering the execution time our algorithm was also much faster (46.87 s) when compared to CNMF (388.62 s). 
CONCLUSIONS
In this work we have tested the MLJSR algorithm using a pair of real images acquired by the Hyperion spaceborne sensor and a AISA airborne sensor. The results were compared to the results of the state of the art algorithm CNMF. We have shown that resolution enhancment of the HSI can significantly improve the classification accuracy. In this particular test our algorithm outperformed the CNMF considering both the OA measure and the Choen's kappa measure. The MLJSF results in less noisy spectra than the CNMF method. We have also shown that both algorithms significantly improve the similarity to the reference high resolution image in both domains, i.e., spatial using SSIM and spectral using SA. This work has extended our previous investigation and proved applicability to real images. As future work we address tests employing both spaceborne images. 
